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Abstract
In this thesis we aim to provide empirical evidence of the effect of spot and futures prices
on municipal land transition in Brazil. We take advantage of newly developed, detailed,
municipality-level data on land transition, for the whole of Brazil. Additionally, we exploit
data on potential yield for soy and maize in our analysis, and we present two simple
models for two different kinds of land transition to guide our empirical work. We mainly
utilize a First Difference approach to study the effects of both spot and future prices for
soy and maize. We also estimate the effects of our commodity prices for different levels of
potential yield, and investigate the long-term effects of our prices.
Our main findings are that the spot-future spread has a seemingly larger effect on
deforestation than the spot price alone for soy. This contributes to the extensive research
on deforestation in Brazil by suggesting that the price expectations for the future should
be included in further research on Brazilian deforestation. Maize on the other hand, show
more ambiguous effects. Finally, municipalities with higher levels of potential yield seems
to have a more price sensitivity towards land transition. Further, the long-term effects
are larger for deforestation than regrowth of forests.
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1 Introduction
Today global societies are paying increasingly more attention to climate change and
the potential impacts and consequences. Scientists, world leaders and international
organizations are coming together to find ways to deal with the challenges linked to
climate change. In order to develop a resilient strategy to deal with climate change, both
adaptive and mitigation strategies are imperative. One such strategy, which has been
proposed is reducing emissions from deforestation (Stern, 2006). According to the IPCC
the world’s forests play a significant role in the global carbon cycle (International Panel on
Climate Change, 2018) as they work as carbon sinks. Several estimates have been made in
order to show the global biophysical sequestering potential, where estimates range between
3300 MtCO2/year to 5380 MtCO2/year on average up until 2050(menon2007couplings)
(International Panel on Climate Change, 2018). Despite this fact, deforestation has
increased over the decades, with agricultural production as one of the leading drivers
(benhin2006agriculture). In the period 2000-2012, large scale agriculture accounted for
about two-thirds of deforestation in Latin America and one-third in Africa and Asia
(Kissinger, Herold, & De Sy, 2012).
Currently, Brazil is the world’s leading exporter of soybeans, followed by the United States
and Argentina (United States Department of Agriculture, 2018). Brazil’s farming regions
host a large variety of field crops. Among those are corn, soybeans, wheat, rice and
cotton, and they compete with each other, livestock and other agricultural crops for land
area (Schnepf, Bolling, Dohlman, et al., 2001). Schnepf et al. (2001) describe the rise of
export-oriented soy production as an outcome of macroeconomic conditions stabilizing in
Brazil, national agricultural policies becoming more export-oriented in conjunction with
trade liberalization gradually removing barriers to trade in the 1990s. Assuming Brazil is
a price taker, the country’s agricultural commodities are now subject to global commodity
prices. This leads to our thesis theme; how commodity prices affect deforestation in
Brazil.
Commodity prices have had a more steady and slow growth until mid 2000s before a
higher increase in commodity prices led to a generally higher price in the world market
reaching its top in 2011 (International Monetary Fund, 2019). Some of this price increase
can be attributed to rapid population growth and growing economies in Asia, over the
last 10-15 years. Mentioned in section 3.4, China imports the majority of soy produced in
Brazil today, highlighting the importance of the country’s growing economy’s effect on
export-oriented soy industry in Brazil. The world experienced a price drop in commodities
in 2014 which has kept the prices low since then (International Monetary Fund, 2019).
We also observe this drop for soy and maize in our price graphs in section 3.5.
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In this thesis we aim to provide empirical evidence of the effect of spot and futures prices
on municipal land transition in Brazil. In order to obtain cross-sectional differences we
incorporate the potential yield for soy and maize for each municipality in our analysis.
From previous research we are lead to assume that an increase in the commodity price
will increase the transition of land from forest to agriculture, in other words increase
deforestation. We take advantage of newly developed, detailed, municipality-level data on
land transition, for the whole of Brazil. This data is developed by the MapBiomas project
(2018), and was released April 2019. More specifically, we exploit the data to construct two
outcome variables measuring different types of land use; Transition of land from forest to
agriculture and Transition of land from agriculture to forest. To the best of our knowledge
this data has never been used to investigate the relationship between both spot and future
prices on deforestation in Brazil. Our full dataset is constructed by linking these variables,
with data assembled by Bustos et al.(2016) from the Brazilian Agricultural Census (IBGE,
1996, 2006), and FAO (2018b). Our price data have been obtained from The World Bank
(The World Bank, 2019) and Bloomberg (2019). Moreover, we have supplemented the
dataset with additional data obtained from the Brazilian Agricultural Census (1996),
(2006) and the Produção Agrícola Municipal (PAM) database (2016).
We utilize an estimation strategy based on First Difference estimation, inspired the paper
Supply Flexibility in the Shale Patch: Evidence from North Dakota by Hilde C. Bjørnland
et al. (2019). In our empirical work, we present two simple models for each outcome
variable in order to investigate short term and long term effects of commodity prices.
We add two yearly lagged values of potential value and spot-future spread along with one
year lag of our variables on land transition due to the long time span of our data and the
possible long term effect of prices. We find that the long run propensities are statistically
significant in our models with transition from forest to agriculture as dependent variable,
and have the same signs as the associated non-lagged variables. Looking at the estimation
using transition from agriculture to forest, this correlation shows less significance in the
estimates of the coefficients. From this we can imply that long term price changes are
more important for the removal of forest, than transforming agricultural land to forest
land.
In sum our results point towards that our results for the spot price is in line with previous
literature. What is interesting is that our results indicate that the spot-future spread has
a larger impact on transition from forest to agriculture than the spot price, especially for
soy. This is a new finding for research investigating deforestation in Brazil. Our First
Difference strategy seems to lack some statistical significance when estimating the price
effects on transition from agriculture to forest. What is clear is that our results suggest
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that maize has more unclear effects on land transition than soy. This result also lead us
to think that maize might not be the best commodity to use when trying to estimate
the effects of spot and future prices together. Reflecting on our results and how complex
the challenge of deforestation is, we believe our simplified models lack the power to infer
any causal relationships. Still, we have found that statistically significant correlations of
several of our futures variables, indicating that there might be an interesting relationship
with deforestation and futures.
1.1 Implications for our Study
The topic studied is of particular interest due to several reasons. First, deforestation in
Brazil is a massive challenge for combating the effects of climate change in today’s society.
Second, to the best of our knowledge, this is the first study of its kind to exploit both
spot prices and futures data on land transition for the whole of Brazil on a municipal
level. Finally, the latest MapBiomas datasets were published in April 2019, includes
data dating back to 1985, giving a unique opportunity to investigate the price effects
on land over a period of more than 30 years. Consequently, as we are using a novel
approach to estimate price effects on Brazilian deforestation we do not expect to find
results directly comparable to the results of previous studies, as these primarily focus
on the Amazonia biome and do not include both spot prices and future prices, such as
(Harding, Herzberg, & Kuralbayeva, 2006), (Richards, Myers, Swinton, & Walker, 2012),
and (Faria & Almeida, 2016) among others described in Section 2. Additionally other
papers investigating the effects of commodity prices on deforestation in Brazil have faced
criticism for not including futures.
The remainder of the thesis continues as follows. In Section 2, we provide a review of
the previous literature relevant to our thesis. We present background information on
forest and the agricultural industry, as well as information on Brazilian trade before we
expand on the development of our chosen commodity prices in Section 3. In Section 4
we describe and elaborate on our data, followed by an overview of our empirical strategy
in Section 5. Our analysis and results are presented in Section 6, with a discussion of
possible limitations and shortcoming in Section 7. Finally, we conclude in Section 8.
3
2 Related Literature
In the following subsections, we review studies that analyze the different topics of interest.
Over the last decades significant amounts of time have been put into researching the topic
of deforestation. Deforestation is one of the biggest threats to saving the climate, and
particular focus has been set on tropical forests in regions such as Brazil, the Congo Basin
and Indonesia. Considerable amount of research has been dedicated to establish and
identify drivers of deforestation. One of these drivers is trade, which has received significant
attention from researchers all over the world. Among these we find (Bolling, Somwaru, &
Kruse, 2001, (Robalino & Herrera, 2010, (Baldi, Peri, & Vandone, 2011), (Richards et al.,
2012), all focusing on trade and commodity prices in relation to deforestation.
P. Richard et al (2012) put particular emphasis on the “impact of currency devaluations
on area of production. The results suggest that approximately 80,000 km2, or 31% of the
current extent of soybean production in Bolivia, Paraguay and Brazil, emerged as a supply
area response to the devaluation of local currencies in the late 1990’s. Their research shows
that “amids an increasingly neoliberal economic environment, where barriers to trade are
jettisoned in favor of free flow of commodities, relative currency values will occupy an
important role in the future sourcing of both agricultural expansion and environmental
degradation” (Richards et al., 2012). Brander and Taylor (1998) discuss the pros and
cons of trade for exporters of renewable resources, and the role of trade on deforestation
is discussed in a theoretical framework by Copeland and Taylor (2009).
Faria and Almeida (2016) investigate the effect of openness to trade on deforestation, also
estimate the effect of crop and pasture expansion on deforestation in Amazonia. Harding
et al.(2006) find that high international prices on agricultural commodities adds pressure
to tropical forests, soy being one of central agricultural commodities since the study also
focuses on deforestation in Amazonia. Furthermore, Boerema et al. (2016) investigate
the effect of soybean trade in terms of land use displacement using macro data from 1961
to 2008, mainly emphasizing European imports. They find that soy expansion largely
replaced other agricultural crops and pastures, but that especially pastures were replacing
forests, in other words that the soybean industry indirectly contributed to deforestation in
the relevant period. The global soy market, specifically from the viewpoint of the United
States as a major exporter, is researched by Bolling et al. (2001) who state that the
market can be seen as an example of oligopolistic competition among exporting nations.
This indicates that trade policies in the soy market can be interpreted through the classical
theories on imperfect competition in international trade as proposed by Dixit (1984).
Empirical findings generally support the price discovery role of futures markets, in other
words, spot prices are usually discovered in the future markets. According to Silvapulle and
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Moosa (1999) “spot and futures prices on the same commodity have the same fundamentals
and change if new information emerges that causes market participants to revise their
estimates of physical supply and/or demand. Since contracts sold on futures markets
generally do not require the delivery of the commodity but can be implemented immediately
with little up-front cash, futures markets generally react more quickly than spot markets.”
(Silvapulle & Moosa, 1999). Garbade and Silber (1983), in particular analyze the price
discovery for four storable commodities including soybean and corn and conclude that
futures markets generally dictate spot markets in recording and disseminating information.
Furthermore, Crain and Lee(1996) also find that changes in wheat futures prices lead
changes in spot prices, confirming that futures markets dominate spot markets in the price
discovery process. In more recent years, Yang et al. (2001) confirmed that futures markets
play the dominant role in the price discovery process for storable commodities. Frank
Asche and Atle G. Guttormsen (2002) find indications in their empirical study of gas oil
prices that future prices do lead spot prices. Additionally they find indications that future
contracts with longer expiration time leads short expiration time contracts. Moreover,
Hernandez and Torrero (2010) show the relationship between spot and future prices for
soft and hard wheat, soybeans, and corn, supporting the evidence of future prices leading
spot prices for these commodities. Testing for Granger-causality, they find evidence that
future prices Granger-cause spot prices more frequently than the opposite, especially for
wheat and corn. Additionally, they find that this relationship is remarkably stronger
than in the past. They suggest that this result is due to the increasing importance of
electronic trading of futures contracts, yielding more transparent and accessible prices,
Hernandez and Torrero (2010). In line with the main findings that emerge in the literature
investigating the relationship between spot and futures prices in food commodity markets,
futures prices play a major role in price discovery. “That is in registering and transferring
information from the related real market; due to the greater transparency and, often,
greater liquidity of commodity futures over physical commodities, futures markets react
more quickly to new or unexpected information than the underlying spot market. However,
in times of crisis and in particular in phases of strong price increases, the cash market
also becomes an important actor in the price discovery process.” (Baldi, Peri, & Vandone,
2011). In contrast to this, other studies have contested these results and find that spot
prices lead futures prices, among those are Quan (1992), Kuiper et al. (2002), Mohan and
Love (2004) (Baldi, Peri, & Vandone, 2011). Meaning one cannot know for sure if there is
absolute certainty that futures lead spot prices.
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3 Background
Today there is an extensive body of literature both on deforestation and commodity prices
in Brazil. As mentioned in Section 2 there is also a considerable amount of literature
discussing the relationship between futures and spot prices in the commodity market. Still,
most studies on deforestation have focused on Amazonia’s primary forests exclusively. As
of yet there are no studies combining future and spot prices to investigate their effect on
municipal land transition data, stretching over 30 years, to the best of our knowledge.
3.1 Global Deforestation
According to the IPCC the world’s forests play a significant role in the global carbon cycle
(International Panel on Climate Change, 2018) as they work as carbon sinks. Several
estimates have been made in order to show the global biophysical sequestering potential,
where estimates range between 3300 MtCO2/year to 5380 MtCO2/year on average up
until 2050 (Denman et al., 2007, Table 7.1, Kauppi et al., 2001, linked in (International
Panel on Climate Change, 2018)). Despite this fact, deforestation has increased over
the decades, with agricultural production as one of the leading drivers (Benhin, 2006).
Around half of such deforestation can be attributed to the cultivation of crops for export
markets like the EU, China and North America. In the period 2000-2012, large scale
agriculture accounted for about two-thirds of deforestation in Latin America and one-third
in Africa and Asia (Kissinger et al.(2012). Geographically, the largest share of forest
loss has occurred in the tropics (FAO, (2016)). Tropical deforestation represents one of
the biggest threats to some of the world’s most diverse local and specialized ecosystems,
whilst globally it is responsible for close to one-fifth of overall greenhouse gas emissions
(Burgess, Hansen, Olken, Potapov, Sieber, 2012). According to the latest Global Forest
Resources Assessment, published by the Food and Agriculture Organization of the United
Nations (FAO, 2016), just about 3,7 billion hectares of forest remain. This is stark
decline from the estimate that the earth’s forest cover once measured around 6 billion
hectares (Bryant, Nielson, & Tangley, 1997). Deforestation is in itself a classical example
of the tragedy of the commons (Harstad and Liski, (2013)). One can describe it as a
strategic interaction between multiple individual actors who choose their own extraction
rate without fully taking negative externalities into account. The end result is that the
sum of individual actors will extract considerably more than what is socially optimal
(Harstad and Liski (2013)), leading to the tragedy of the commons where non-excludable
resources are subject to over-exploitation and in extreme cases extinction. Consequently
deforestation represents one of the essential environmental issues of our time.
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3.2 Brazil Opening Up To Trade
Brazil has had a long history of volatile trade policies, which have been strongly influenced
by historical events, such as the military coup in 1964, the “economic miracle” between 1967
and 1973, then followed by the 1973 oil crisis. This oil crisis negatively affected Brazil’s
recent moves towards opening up to trade. Brazil’s trade balance hit an unprecedented
deficit in 1974 resulting in even tighter import policies. Despite these measures and actions
taken to enhance exports, Brazil’s trade balance remained in deficit through the 1970s
(Hudson, 1997). Following a set of great macroeconomic policies in the early 1980’s Brazil
turned their trade deficit to a surplus in 1983 (Hudson, 1997). The years that followed
provided more policy volatility as the measures taken to turn around the trade balance
had negative effects in the domestic market. Schnepf et al.(2001) describe the rise of
export-oriented soy production as an outcome of macroeconomic conditions stabilizing in
Brazil, national agricultural policies becoming more export-friendly in conjunction with
trade liberalization gradually removing barriers to trade in the 1990s. Currently Brazil is
the world’s leading exporter of soybeans, followed by the United States and Argentina
(FAO, 2018a). Brazil’s farming regions host a great variety of field crops. Among them
are dominant crops like corn, soybeans, wheat, rice and cotton. These crops compete with
each other, other agricultural crops, and livestock for land area (Schnepf et al., 2001).
As Brazil has positioned itself as a major player in the global commodity market, the
country is also more exposed to global politics. An example of a coordinated international
political effort potentially affecting Brazil is the EU parliament voting to ban the use of
palm oil in biofuels in 2017(Ghani, 2019) (Guardian, 2017). The goal is to prevent the
EU’s renewable transport targets from contributing to deforestation. Another example is
Norway, which more recently announced that the government will reduce money transfers
from the REDD+ program as the rate of deforestation has increased from 2018 to 2019
(Government, 2019).
3.3 Forest Cover, Deforestation and Agriculture in Brazil
Deforestation is defined as the conversion from forest to non-forest lands (Achard et al.,
2002). Thus, this definition hinges on what is defined to be a forest. According to the
United Nations Framework on Climate Change (UNFCCC) a forest has at least 10%
cover (N. Sasaki & Putz, 2009). By this definition the central Brazilian Savanna, namely
the Cerrado, is considered to be a forest, hence clearing of the cerrado is defined as
deforestation (Nophea Sasaki & Putz, 2017). Brazil is home to a complex rich ecosystem,
with a wide range of animals, plants, and insects (L. E. Andersen, 1996)(Andersen, 1996).
However, for several decades Brazil has been ranging as the country with the highest
deforestation rates (2018). This is quite alarming due to the fact that close to 70% of the
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world’s largest rainforest, the Amazon, is located within Brazilian borders. Consequently
Brazil sustains 40% of the world’s remaining tropical forest (Kirby et al.(2006)). The
1970’s is seen as the beginning of the “modern” era of deforestation, catalyzed with the
opening of the Transamazon highway (Fearnside, 2005). Brazil’s Amazon forest had
remained largely untouched up until this point. Approximately 2.04 million hectares of
forest was lost annually from the mid 1970’s and throughout the 1980’s. Substantial
rates of deforestation continued into the 1990’s and the 2000’s, albeit slightly lower than
in the past two decades (Fearnside, 2005). Cattaneo (2002) find that between 1980
and 1995 Brazilian forest loss was equivalent to 20% of total tropical forest loss during
that period. Netpstad et al. (2009) find that the average clearing from 1996 to 2005
amounted to 1.95 million hectares per year. Increased demand for cropland is one of the
major drivers of deforestation (Ehui & Hertel, 1989). During the second half of the 20th
century, devotion of land to agriculture in Brazil saw an extensive expansion. Farmland
grew from covering 29% to 44% of the country’s territory from 1960 to 1985 (Assuncao,
Lipscomb, Mobarak, & Szerman, 2016). The Brazilian economy is heavily dependent on
the agricultural sector, with soybeans, maize, sugar, and coffee, as some of the main export
products (Martinelli, Naylor, Vitousek, & Moutinho, 2010). Furthermore, Brazil is the
world’s largest exporter of beef in 2018, providing almost 20% of total global beef exports
according to the USDA (2018). Barona et al. (2010) show that there is a correlation
between cattle price and deforestation, basing the research on the legal Amazon. They find
that the correlation between cattle prices and deforestation was 0.86 during the 1995-2003
period, then dropped down between 0.5-0.6m before ascending again to 0.71 during the
period of 1999-2007. For soy prices the correlation was 0.27 during the 1995-2003 period,
then increased to 0.6 and 0.7 in subsequent periods, before reaching 0.87 during the
period of 1999-2007. Furthermore, (Barona, Ramankutty, Hyman, & Coomes, 2010) find
that soy price has become increasingly related to deforestation over time, and suggest
that it is likely that soy cultivation could be a major underlying cause of deforestation.
Example, Fearnside (2005) suggests that while pasture occupies vast areas of land, soybean
cultivation carries the political weight necessary to induce infrastructure improvements,
which in turn stimulates crop expansion. Nepstad et al. (2006) suggest that the growth
of the Brazilian soy industry may have indirectly led to the expansion of the cattle herd.
According to Nepstad et al.(2006), soy has driven up land prices in the Amazon, allowing
many cattle ranchers to sell valuable holdings at enormous capital gains and purchase new
land further north and expand their herd further. These studies elucidate the fact that
the rise of agricultural sector has its disadvantages, as there is a close relationship between
the expansion of land use for agricultural production and deforestation (Barona et al.,
2010), (D. C. Nepstad, Stickler, & Almeida, 2006). Thus the Brazilian rainforest and
ecosystems have paid a high price for the success of the country’s agricultural sector, as
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agricultural expansion has been followed by extensive deforestation (Martinelli et al., 2010).
Approximately 284 million hectares of land is devoted to agriculture in Brazil FAO (2018a).
In addition, it is estimated that approximately 80% of of the deforestation happening in
the Amazon is a result of illegal activities (Reuters, 2016). The amount of tropical forest
loss in 2016 was estimated at roughly 2 soccer fileds per minute. In a scenario where
there is no cooperation, loggers are assumed to behave in an individualistic manner only
taking their own costs and welfare into account. Resulting form this behavior is logging
decisions optimized by taking the logging of other loggers as given (Eskeland, 2019). In a
one-shot, non-cooperative game, one will say this leads to Nash equilibrium, where no
single player will wish to deviate form their optimal choice of logging, because these players
see other players choices as given. In a given game there may be one, zero, or several Nash
equilibrium, but for simplicity it can be assumed there will only be one. A consequence of
ending up in a Nash equilibrium is that each logger will clear more forest than what is
socially optimal for climate change mitigation and sustainable forest management. This
consequence illustrates clearly that without cooperation between loggers, farmers and
society, free-riding will ensure that Brazil will experience under-provision of sustainable
forest management (Eskeland, 2019). A critical result of this may lead to a tragedy of the
commons situation in which tropical forest loss is so severe that it will affect the climate
irreversibly. However, in the real world, there are rarely strictly one-shot games with zero
means of communication, and in repeated games with communication options cooperation
tends to be stronger.
Mapbiomas also illustrate clearly that a large part of the initial forest from 1985 has been
transformed into agricultural land for farming purposes by 2018, as can be seen to the left
in the illustration below. In 1985 the forest cover measured 590 million hectare, while in
2018 that number had decreased to 514 million hectare.
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Development for land areas in Brazil from 1985 to 2018
Figure 1: Forest Cover and Agricultural Land Cover in Brazil
Notes: Total area of forest cover and agricultural land cover in Brazil measured in hectares based on data from the
MapBiomas Project map statistics database (2019). Forest cover includes forest formations, savanna formations and
mangrove. Agricultural land cover includes annual and perennial agriculture and semi-perennial agriculture.
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3.4 Commodity Market for Soy and Maize
Today 90% of the world’s cultivation of soybeans can be allocated to four main countries,
namely Brazil, Argentina, USA and China (Bank, 2018). Additionally, China is today the
world’s biggest importer of soy, and imports more than the rest of the world combined.
75% of Brazilian soybean exports were imported by China according to recent data from
the United States Department of Agriculture (2018). This highlights the importance
of China and the country’s growing economy’s effect on export-oriented soy industry in
Brazil, which is briefly discussed by Halvard Sandvik Jansen in his (2018) master thesis.
Furthermore soy is an important factor in the production of beef, and is widely used
in animal feed (Fund, 2016). According to WWF beef production is the number one
contributor to deforestation, followed by soy production. A large extent of the world’s
livestock production is dependent on the soy production in South-America, and about 75%
of global soy is used in animal feed for the world’s livestock population, with China and
Europe being leading importers of soy. Consequently, most of the world’s soy is consumed
indirectly through meat. About 40% of Brazilian soy stays in Brazil, where among 90% is
used as animal feed (Mongbay, 2019). When such a substantial amount of soy is being
used for livestock production, particularly cattle, there is a possibility that a price increase
of soy will lead to increased production costs for livestock, and thus decrease the demand
for beef resulting in reduced deforestation.
As maize is being utilized for feed, industrial uses, food, and ethanol production it also
plays an important role in the global commodity market (Rattray, 2012). Brazil is the
third largest maize producer in the world as of 2016 (Pires et al., 2016). Extensive
adoption of double cropping systems have been one of the key drivers for the growth in
production of maize over the last decades. In the early 1980s some farmers in South-East
Brazil introduced a second season of maize production (CONAB, 2012), also called milho
safrinha. This second season of maize is cultivated after the summer, between March
and July. Even though the technique was only adopted gradually, the use increased
significantly from 2008 (Allen & Valdes, 2016).
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3.5 Price Development for Soy and Maize
Economic theory states that prices are determined in the interaction between two economic
forces, demand and supply. In an open economy of perfect competition, the equilibrium
price emerges through a simultaneity process where, in the intersection of the curves, the
price and quantity level will be at the point where the demands are indifferent between
buying one more unit or not, and the suppliers are indifferent between supplying one
more unit or not. With this consideration, economic theory states that a higher price of a
good will induce a higher incentive of production. In our case the goods are maize and
soy, the suppliers are farmers and the prices are assumed to be determined in an open
and efficient world economy with given prices. We would therefore expect increased prices
to increase production, and further lead to increased deforestation, and hence decreased
prices the opposite.
Below is a graphical illustration of the price development for both soy and maize, moreover
it includes both spot prices and futures. For all graphs the prices have been measured in
dollars per metric tons.
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First is the development of the spot price for soy and maize from 1985 until 2018.
Development of spot prices for soy and maize, 1985-2018
Figure 2: Forest Cover and Agricultural Land Cover in Brazil
Notes: Prices are obtained from The World Bank’s Pink sheet (2019)
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Next, there is the development of the futures for soy and maize for the same period.
Development of futures for soy and maize, 1985-2018
Figure 3: Forest Cover and Agricultural Land Cover in Brazil
Notes: Prices are obtained from the Bloomberg terminal
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Finally here we have a graphical illustration combining both spot and future prices for
both commodities, over the period 1985 until 2018.
Development of futures for soy and maize, 1985-2018
Figure 4: Forest Cover and Agricultural Land Cover in Brazil
Notes: Prices are obtained from the World Bank’s pink sheet (The World Bank, 2019 )and the Bloomberg terminal
It becomes clear that both the commodities correlate, also there is a clear correlation
between the spot and future prices. More precisely the correlation coefficient between
spot price soy and spot price maize is 0,9 and between future price soy and maize the
correlation coefficient is 0,82, signaling a strong correlation between the two commodities.
The relationship between the future and spot price for each commodity is also strongly
correlated with a coefficient of 0,59 for soy and 0,63 for maize. Additionally all correlation
coefficients are significant at the 5% level when using Pearson’s correlation code in
Stata.
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4 Data
This section describes the data we use in our analysis to estimate the effect of commodity
prices from soy and maize affect deforestation on a municipality level in Brazil. Our
dataset is constructed mainly from four data sources. Data on land cover is collected from
MapBiomas Project (2019). In order to obtain cross-sectional variation in our data, we
use data constructed by Bustos et al. (2016) on the potential yield for soy and maize
depending on technology. In addition we collect our data on commodity prices of soy and
maize from The World Bank Pink Sheet and the Bloomberg database. For the analysis
we have chosen to clean out AMC’s with no data on transition. After cleaning all the
data we have transtion data for 2459 AMC’s in our dataset observed over 34 years, and
our new constructed panel dataset is considered strongly balanced. We describe our data
and data sources in detail in the following subsections below.
4.1 Data on Forest and Agricultural Land
Data on forest transition ranges from 1985 until 2018, and is collected from the MapBiomas
Project map statistics database (MapBiomas, 2019). Established in 2015 by an initiative of
several universities, technology companies, and NGOs, MapBiomas is a multi-institutional
collaboration. The purpose of the project is to develop a reliable and low-cost method
to produce detailed temporal series of annual land cover and transition maps and data
of Brazil. The series are generated using pixel-per-pixel classification applied to satellite
images (MapBiomas, 2019). The process is conducted using extensive machine learning
algorithms, and the source of the satellite images is the Landsat Data Archive (LDA),
available in the Google Earth Engine platform. The project consists of several collections,
whereby this thesis take advantage of the last one, Collection 3.1 and 3.2. This collection
is similar to collection 3.0, with improvements to classification published April 2019. For
the analysis we have reshaped the data from wide to long format, and removed the level 2
and 3 to look at aggregate forest and agricultural data. We also simplified the transition
data into two columns for each AMC and each year, transition from forest to agricultural
land and agricultural land to forest. Thus, we are able to analyse the data on panel
form.
The dataset we use includes data on forest transition on both state and municipality level
for the whole of Brazil, and includes all six biomes: Amazonia, Caatinga, Cerrado, Mata
Atlatica, Pampa and Pantanal. Furthermore, the dataset is divided into classes at three
levels. At the first level the classes are aggregated into five main classes, including; (1)
Forest, (2) Non-forest natural formations, (3) Agriculture, (4) Non-vegetated areas, and (5)
Aquatic bodies. Our main interest in this dataset is data on forest cover and agricultural
cover, hence we cleaned out all other irrelevant data. Moreover this dataset allows up
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to investigate transition from forest to agriculture and vice versa. Data on transition
from forest to agriculture indicates how much forest has transitioned into agriculture from
one year to the next per AMC. The same applies to data on transition from agriculture
to forest, it indicates how much agricultural land has been transformed into forest land
from one year to the next per AMC. This allows us to consider regrowth of forest as
a potential effect of price change. In order to achieve a more robust result we analyse
the data transition both from forest to agricultural land and from agricultural land to
forest.
Our dependent variable(s) Transition of land from forest to agriculturefootnoteIncluding
forest formations, savanna formations and mangrove and Transition of land from agriculture
to forest1 are obtained from the MapBiomas dataset.Transition of land from forest to
agriculture does not include regrowth, and is therefore a gross measure of deforestation,
while in contrast Transition of land from agriculture to forest is a measure of regrowth
in forest. Both dependent variables includes data from 1985 until 2018. According to
MapBiomas all the transition data is measured annually in hectare. The justification
behind including both Transition of land from forest to agriculture and Transition of land
from agriculture to forest, is to make the analysis more informative. This enables us to
investigate how both spot and future prices affect land transition leading to deforestation
and land transition inducing regrowth of forests.
4.2 Agricultural Data
4.2.1 The FAO-GAEZ Database
Variables measuring the potential yield in soy and maize are obtained from the dataset
developed by Bustos et al. (2016). The estimates of potential yields are obtained from
the FAO-GAEZ v3.0 database (2018b), and have been constructed using an index for soil
suitability. Potential yield is measured as ton per hectare. We exploit some of the same
data as Harsheim and Nakkim (2018) in order to illustrate the concept of potential yield
in Brazil.
The soil suitability index, illustrated in Figure 5, is developed by FAO, in cooperation with
the International Institute for Applied Systems Analysis (IIASA), and has been produced
using the Agro-Ecological Zones (AEZ) model (FAO, 2018b). The goal of the AEZ model
is to estimate agricultural resources and potential. The index is constructed by exploiting
knowledge on soil conditions, crop requirements, and soil management (FAO & IIASA,
2018c). More precisely, the measures of soil suitability are used to quantify to what extent
the soil conditions in a given area match crop requirements, given defined input and
1Including annual and perennial agriculture and semi-perennial agriculture
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management circumstances. This model has been applied considering the average climate
during the 1961-1990 period (Bustos, Caprettini, & Ponticelli, 2018).
Figure 5: Crop Suitability Index
Source: Obtained from FAO & IIASA, 2018a
In addition, the AEZ model can be used to provide information about potential yields
under different technologies, or so-called input combinations. The database separates
between low, intermediate and high level inputs, where the different input levels reflect the
level of cultivars, labor intensity, nutrient and machinery used in production. The variables
on potential soy and maize yields across Brazil have been calculated by exploiting measures
of potential yields under different input levels (Bustos et al., 2018). For simplification we
assume that it is sufficient to exploit the potential yield measured under high technology
inputs, as several technological advances have been adapted across Brazil over the last 15-
20 years. Such technological advances include, but is not limited to, genetically engineered
soy and second season maize (Harsheim & Nakkim, 2018).
Potential yield, as opposed to actual yield, is considered as exogenous variables, as
potential yield is determined based on weather characteristics and soil suitability in each
municipality and will not be influenced by any of the independent variables, nor the
dependent variable. The paper includes data on potential yield under the assumption of
high inputs, and these potential yields are illustrated in Figure 6 and 7. As we assume
potential yield to be time constant over the time period examined, a variable containing
only potential yield will be omitted in our first difference regressions and fixed effects.
Consequently, we use this potential yield variable as an interaction with the price variables
in our regressions.
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Potential yield for soy under high technology inputs
Figure 6: Measures of potential yield for soy
Potential yield for maize under high technology inputs
Figure 7: Measures of potential yield for maize
Notes: Figure 6 and 7 was created by Bustos et al. (2016) Source: Bustos, Caprettini, & Ponticelli, 2018, Online
Appendix. Based on data from FAO-GAEZ (FAO & IIASA, 2018b).
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4.3 Geographical units
As municipalities often experience change in borders as well as merging and divisions
with other municipalities, IBGE has defined Área Mínima Comparável (AMC), smallest
comparable areas, allowing for comparison over time. We use AMCs as units of observations
in our analysis because we are looking at variations over many years (Bustos, Caprettini,
& Ponticelli, 2016).
4.4 Spot prices and Futures
Our data on spot and future prices are downloaded from the World Bank’s Pink Sheet
(2019) and Bloomberg (2019), respectively. World Bank data is open source data on global
development, including price development of agricultural commodities. The Pink Sheet is
released every second business day of the month and contains multiple commodity prices,
both real and nominal, as well as indices of the prices. This is where we obtain our data
on spot prices, which are listed yearly. Our data on future prices are obtained from the
Bloomberg Terminal, which belongs to Bloomberg L.P., an American private software,
data and media company, providing real time and historical information for the global
financial sector (Bloomberg L.P., 2019).
Both spot and future prices used in our analysis are in real terms adjusted for American
inflation (U.S. Department of Labor Bureau of Labor Statistic, 2019), and are both
presented as annual average of the year. The range is from 1985 to 2018 and both price
variants are presented as dollars per metric ton, or dollars per 1000 kg. The future prices
are one-year contracts and from the Bloomberg source, they were presented as dollars per
bushel, where one bushel of soy is 27.2155 kg soy and one bushel of maize is 25,4 kg of
maize. Future prices were then converted to dollars per metric tons by dividing the price
in dollars per bushel by the number of kg per bushels for each commodity and multiply
that with 1000 kg. The price data on spot and futures are used as explanatory variables in
our analysis and we will examine the impact of the prices on land transition in interaction
with potential yield. As the prices are determined in a global and interactive market,
the price variables are assumed to be determined endogenously, despite Brazil being a
big international player in the commodity market. Hence, the AMC’s in the dataset are
equally exposed to world prices, but will experience a slightly difference internally due to
characteristics of the individual AMC.
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5 Empirical Framework
In this paper, we take an econometric approach in attempting to estimate the effects
of future and spot prices for soy and maize on municipal land transition in Brazil.
Additionally we exploit the opportunity to estimate the effect of the spread between spot
and future prices, inspired by Hilde C Bjørnland (2019). Consequently we set up several
models utilizing our dependent variables Transition of land from forest to agriculture and
Transition of land from agriculture to forest.
We attempt to establish a causal relationship between spot and future prices and our
outcomes of interest by exploiting exogenous variation in potential yield and global spot
and futures prices. Interacting the potential yield and the global prices results in a measure
of potential value of each commodity for both spot prices and future prices, and results in
variables that vary both across time and AMCs.
We mainly focus on one estimation strategy, inspired by the working paper "Supply
Flexibility in the Shale Patch: Evidence from North Dakota" (Bjørnland, Nordvik, &
Rohrer, 2019), which we use to solve the challenge that our prices may follow a random
walk. The standard errors are clustered on the AMC level, as this is a way to minimize
the risk of biased standard errors (Hansen, 2007). In addition to the estimation strategies,
we investigate the directional relationship between the spot and future prices in section
5.1. As mentioned in section 2, there exists a fair amount of research investigating the
relationship between spot and futures indicating that future prices tend to lead spot
prices. By conducting a Granger-Causality test we are able to estimate a directional
relationship between the spot and future prices, to determine if our price data exhibit the
same relationship. This brief analysis supports why including future prices in the analysis
is a good idea.
This Empirical Framework section is split into four sections, starting with the aforemen-
tioned investigation of the relationship the price variables, then we briefly elaborate on
our choice of independent variables. The third section elaborates on our main econometric
models showing how the different prices affect land transition. In the fourth section we
briefly include some theory and assumptions the first difference estimation.
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5.1 Investigating the relationship between spot and future prices
Our paper’s main contribution to the literature is that we investigate the effect of including
both spot and future prices when trying to estimate the effect commodity prices have on
municipal land transition in Brazil. From section 3.4 we have already established that
there is a significant correlation between the spot prices and future prices. Hence we find
it interesting to perform a test, which can indicate whether there is also a clear directional
relationship between future prices and spot prices.
The Granger-causality test will check whether one of the variables cause the other variable,
in our case we check whether future prices cause the spot prices or vice versa. Inspired
by (Asche & Guttormsen, 2002) we set up a simplified model in Stata to test whether
current values or spot is correlated with past values of futures, or current values of futures
is correlated with past values of spot. From previous empirical work, we may expect
that future prices granger-cause spot prices. In our case we test for both directions, thus
we have two null-hypothesis for soy and two for maize, which can be found in appendix
A.3.
From the results in A.3 we find implications that in our price data, the future price
granger-cause the spot price for both commodities, thus we have direction of causality in
favor of the future prices. From section 2 it is clear that these results correspond with
results that much of the literature have concluded with, yet there are some papers that
challenge this which are also mentioned in section 2. These results indicate that it can
be quite useful to include future prices when trying to estimate the effect of commodity
prices on land transition.
As we aim to infer a causal relationship between prices and land transition we need
unbiased estimates of the coefficients. In order to be able to infer a causal relationship
between prices and land transition we need unbiased estimates of the coefficients. From
the established correlations found in 3.4 and results from the Granger-Causality test, we
include both prices and both commodities in hopes that we may be able to avoid potential
omitted variable bias in or estimation models by omitting any price variables.
5.2 Choosing our explanatory variables
One of the key assumptions for using panel data is that all variables must vary over both
time and units. This is a slight challenge for our price data as we assume all AMC’s
are price takers and cannot affect the market, and thus the price data varies only over
time and not for units. We also have data on potential yield for each AMC as mentioned
in section 4.2.1, and this data only varies across AMC’s and not over time. In order
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to get variables that vary across both time and units we construct an interaction term
between our price variables and our potential yield variable for high technology inputs.
We multiply price with potential yield to get the interaction, which we interpret as the
potential value and abbreviated to PV in our models. This is done for both commodities
and all price variables.
Inspired by Hilde C Bjørnland’s (2019) article using First Differences to estimate the effect
of spot and futures on oil production, we use the same strategy as our main estimation
strategy. We examine the effect of changes in the spot prices and the change in the spread
between spot and future prices. The spread is calculated as spot minus future multiplied
with potential yield2. If the spot price increases relative to the future price, the spread
will increase. An increase in spread is expected to be associated with increased forest
transition to agriculture, because we assume that the farmers will maximize production
today if the future price will be relatively lower than today. If the analysis shows decrease
in forest transition due to increase in spread, this might be associated with farmers having
negative expectations for the future and thus decrease production.
For causal interpretation, a linear relationship between the dependent and the independent
variables is crucial. If the linearity assumption is violated, the OLS-estimator will aim to
fit a linear line through a non-linear relationship. A log-transformation of the variables
will normally solve the challenges with non-linearity as well as controlling for skewed
normality within the independent variables. A log transformation can be log-log, level-log
and log-level. To determine which combinations of log and level relationships to choose,
linearity and independence of the residuals, and normality of the interaction terms have
been tested informally. As we find the log-level relationship the most intuitive to interpret,
we have focused on comparing this with the level-level model. Hence, the tests have been
done on level-level equation and log-level and the comparison shows that the log-level-
transformation is a more linear relationship and is more normally distributed. Figures of
these informal tests can be found the appendix A.4. Therefore, log-transformed variables
have been used as a log-level model also gives an intuitive way of interpretation in our
models (University of Utah, 2019).
Additionally, we also add lagged variables of spot prices, the spread and the dependent
variable for land transition. It is reasonable to assume that changes in land transition of
one year is influenced by changes in previous years prices, in addition to current prices.
Previous year’s land transition may also be assumed to be correlated with current land
transition. Prices could be leading variables of land transition due to the time it takes
from the commodity price to influence the farmers to expand agriculture and, hence, to
2Example; (SpotSoyi,t − FuturesSoyi,t ) · PotentialY ieldSoy
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clear forest. With price lags, this becomes a dynamic model allowing correlation over
time. Thus, we can identify the time delay of the response in deforestation to leading
price variables (MathWorks, 2019).
5.3 Our main Econometric Models
The main econometric model for our first difference strategy:
LogFAi,t = αi + ∆βPV Soy
spot
i,t + ∆βSpreadSoyi,t + ∆βPVMaize
spot
i,t + ∆βSpreadMaizei,t + ujt
(1)
In equation 1 LogFAi,t represents the log-transformed Transition of land from forest to
agricultue, ∆βPV Soyspoti,t and ∆βSpreadSoyi,t represents the change in potential values3
of soy spot price, and the spot-future spread of soy. For maize, it is the ∆βPVMaizespoti,t
and ∆βSpreadMaizei,t, which represents the change in potential value and spot-future
spread. The αi is the unobserved time-invariant individual effect and captures any
unobserved time-invariant variables on the AMC level. The last term, ui,t, contains both
fixed errors caused by unobserved time-invariant variables and a random error component.
(Wooldridge, 2016). This equation allows us to estimate the effect of an increase in the
change of our independent variables, and how this increase affects the land transition
from forest to agriculture, also known as deforestation. In our analysis we also include
models with a one year lag of the dependent variable along with one and two year lags of
our independent variables.
We also estimate the same equation using Transition of land from agriculture to forest as
the dependent variable, using LogAFi,t.
LogAFi,t = αi + ∆βPV soy
spot
i,t + ∆βSpreadSoyi,t + ∆βPV maize
spot
i,t + ∆βSpreadMaizei,t + ujt
(2)
This equation lets us estimate how the effect of a change in spot and future prices affect
the regrowth of forests. Estimating this equation in addition to equation 1 enables us to
investigate whether the estimated effects are consistent. If the estimates of one of our
variables indicate an unfavorable effect on forests when we use LogFAi,t as our dependent
variable, we expect the same variable to have an unfavorable effect on forests when we
use LogAFi,t. Hence, we expect our coefficients to exhibit the opposite effect on our two
dependent variables. Land transition is measured yearly in hectares for all AMCs, and
captures to amount of land that has been transformed from forest to agriculture or from
3Potential value is abbreviated to PV
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agriculture to forest. It is important to know that in this paper, the definition of forest
and agriculture hinges on the definitions made by MapBiomas (2019)
Moreover, we have estimated the effects of our independent variables on both dependent
variables using a Fixed Effects strategy in order to investigate the robustness of our results.
These estimations are enclosed in appendix A.6.
5.4 Margin Plots of Potential Yield
In our analysis, we are also interested in investigating how the effect of price changes
on deforestation may vary across AMCs with different levels of potential yield. The
investigation of this relationship is done for all independent variables and both dependent
variables, displayed in Figure 8 and 9 as eight margin plots below the regression table in
our analysis. For every margin plot, potential yield of high inputs is on the horizontal
axis and the average marginal effect of the spot price and the spot-future price is on the
vertical axis. We expect the magnitude of the coefficients to increase for AMCs with
higher potential yield, due to higher sensitivity for price change.
5.5 First Difference Strategy
Using a First Difference strategy, we control for time-invariant unobserved factors of
the AMC’s, which may be correlated with the explanatory variables in the model. The
mechanism of the first difference approach is illustrated in equation 3 and 4 with multiple
time periods
yit = β0 + β1x1,it + ...+ βlxl,it + βl+1xl+1,i + ...+ βkxk,i + δ21[t = 2] + ...+ δT1[t = T ] + αi + vi,t
(3)
This equation can be rewritten as,
∆yi = α0 + α31[t = 3] + ...+ αT1[t = T ] + β1∆x1,i + ...+ βl∆xl,i + ∆vi,t (4)
4
Where δ represents the time periods, and the base period is t=1. According to Wooldridge
(2016), the key assumption is that the idiosyncratic errors are uncorrelated with the
explanatory variables in each time period. In other words, the explanatory variables
are strictly exogenous after we eliminate i, the unobserved effect. Further, Wooldridge
(2016) stresses that this key assumption rules out cases where future explanatory variables
4The composite error,∆vi,t=αi+uit, and αi can be eliminated by differing adjacent periods.
(Wooldridge, 2016)
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answer to current changes in the idiosyncratic errors, as must be the case if xitj is a
lagged dependent variable. Moreover, if there is an important time-varying variable that
is omitted, then the strict exogeneity assumption is generally violated.
When FE calculates the average of prices, it might be showing a wrong picture because
financial prices are sometimes assumed to follow a random walk, in other words, each step
is random, stochastic and independent of previous values, and that prices are unpredictable.
Assuming commodity prices follow the same pattern as financial assets, their intrinsic
value can itself shift to a higher or lower level. This can be the case of the lower commodity
prices we have seen across the world in the past years. It could be that the price average
themselves has shifted permanently, not only temporarily. Fixed effects strategy would
use this average in an estimation, and therefore the change in price is better, which
first difference is based on. This behaviour is refereed to as unit root, which can be
defined as “a stochastic trend in a time series, sometimes called a “random walk with
drift”; If a time series has a unit root, it shows a systematic pattern that is unpredictable"
(Statistics-How-To, 2016).
5.5.1 Clustered Standard Errors
Clustered standard errors are also added to the panel data models. Abadie et al. (2017)
explain that this is often a good idea in the experimental design situation where clusters
are non-randomly sampled and treatment effects are heterogeneous. In this paper, it is
clear that AMCs and differences between them are non-random and systematic, indicating
that clustered standard errors should be included according to the standards of Abadie
et al. (2017). The main point of clustering standard errors is to make the statistical
inference about estimators robust to heteroscedasticity and serial correlation (Stock &
Watson, 2008). The failure to include clustered standard errors can then lead to biased
standard errors, leading to potentially incorrect inference about the statistical significance
of estimators (Hansen, 2007).
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6 Empirical Analysis
The analysis below is based on the empirical framework discussed in section 5. In section
5.3 we highlight two equations, and our analysis includes a lagged version of both equation
1 and 2, in order to estimate a long term effect of the explanatory variables, namely
the long run propensity, exploiting the large time span of our data. Model 1 and 2 are
based on equation 1 from section 5.3, while Model 3 and 4 are based on equation 2. The
motivation behind using both Log FAi,t and Log AFi,t is that we aim to achieve more
robustness in our analysis. Furthermore, we have included eight margin plots showing
how the coefficient of potential value on land transition changes across different AMCs
with different levels of potential yield. This allows us to see how the prices affects land
transition given various levels of potential yield.
As mentioned in section 5.3 we have also conducted a Fixed Effects analysis in order to
check the robustness of our First Difference analysis. This extra analysis can be found in
which can be found in appendix A.6. In the Fixed Effect models, we have replaced spread
of spot and future prices with potential value based on future price.
6.1 First Difference Main Estimates
Table 1 shows the results of our First Difference estimations on both dependent variables.
Additionally Model 2 and Model 4 incorporates two yearly lags of the independent
variables, as well as the one year lagged dependent variable. At the bottom of the table
we have included the long-run propensities estimated from Model 2 and 4. These long-run
propensities have been calculated for AMC’s at different levels of potential yield in order
to investigate how the long-term effect changes as potential yield changes.
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Table 1: First Difference - Commodity Price Effect Transition FA and Transition AF
(1) (2) (3) (4)
Log FA Log FA Log AF Log AF
b/se b/se b/se b/se
∆ Potential Value SoySpot 0.000446∗∗∗ 0.000318∗∗∗ -0.000087 0.000202∗∗
(0.000077) (0.000075) (0.000084) (0.000082)
∆ Potential Value SoySpott−1 0.000140 -0.000593∗∗∗
(0.000108) (0.000114)
∆ Potential Value SoySpott−2 -0.000155 0.000945∗∗∗
(0.000116) (0.000115)
∆ Spread Spot-Futures Soy -0.000777∗∗∗ -0.000649∗∗∗ 0.000712∗∗∗ 0.000906∗∗∗
(0.000098) (0.000124) (0.000103) (0.000131)
∆ Spread Spot-Futures Soyt−1 -0.000433∗∗∗ 0.000735∗∗∗
(0.000151) (0.000171)
∆ Spread Spot-Futures Soyt−2 0.000456∗∗∗ -0.000276∗∗
(0.000127) (0.000134)
∆ Potential Value MaizeSpot 0.000128∗∗ -0.000264∗∗∗ -0.000250∗∗∗ -0.000323∗∗∗
(0.000060) (0.000071) (0.000073) (0.000078)
∆ Potential Value MaizeSpott−1 0.000142 0.000054
(0.000119) (0.000122)
∆ Potential Value MaizeSpott−2 -0.000335∗∗∗ -0.000098
(0.000130) (0.000137)
∆ Spread Spot-Futures Maize 0.000293∗∗∗ 0.000511∗∗∗ 0.000068 0.000068
(0.000075) (0.000088) (0.000081) (0.000090)
∆ Spread Spot-Futures Maizet−1 0.000278∗ -0.000355∗∗
(0.000156) (0.000165)
∆ Spread Spot-Futures Maizet−2 0.000019 0.000058
(0.000143) (0.000146)
Log Transition FAt−1 -0.496990∗∗∗
(0.003805)
Log Transition AFt−1 -0.514263∗∗∗
(0.003288)
Constant 1.161746∗∗∗ -0.223871∗∗∗ 0.647135∗∗∗ 0.196041∗∗∗
(0.020781) (0.016262) (0.020544) (0.018555)
Observations 135985 127478 135982 127469
Adjusted R2 0.081 0.254 0.045 0.282
Long Run Propensity SoyMean 0.000426 0.000769
Long Run Propensity Soy25th 0.000282 0.000509
Long Run Propensity Soy75th 0.000572 0.00103
Long Run Propensity MaizeMean -0.00124 -0.000982
Long Run Propensity Maize25th -0.000729 -0.000580
Long Run Propensity Maize75th -0.00170 -0.00135
Long Run Propensity Spread SoyMean -0.000879 0.00190
Long Run Propensity Spread Soy25th -0.000582 0.00126
Long Run Propensity Spread Soy75th -0.00118 0.00255
Long Run Propensity Spread MaizeMean 0.00218 -0.000611
Long Run Propensity Spread Maize25th 0.00129 -0.000361
Long Run Propensity Spread Maize75th 0.00300 -0.00084128
Notes Table 1: Robust standard errors reported in parentheses. * p < 0.10, **
p < 0.05, *** p < 0.01. Important for the long run propensities. The long run
propensities are calculated for three AMC’s with different levels of potential
yield, namely the Mean, 25th, and 75th percentile.
Figure 8: Effect of Prices at Different Levels of Potential Yield on
LogFAi,t
PANEL A. Margin Plots Soy
PANEL B. Margin Plots Maize
Notes: Panel A shows margin plots for soy. The graph on the left is indicating the effects of the spot depending on the level of potential yield.
Potential yield is measured along the x-axis and the y-axis indicate the dependent variable FAi,t. The graph on the right is indicating the effects
of the spot-future spread for different levels of potential yield. Equal to the graph on the left Potential yield is measured along the x-axis and the
y-axis indicate the dependent variable FAi,t. Panel B shows margin plots for maize. The graph on the left is indicating the effects of the spot
price for maize depending on the level of potential yield. Potential yield is measured along the x-axis and the y-axis indicate the dependent
variable FAi,t. The graph on the right is indicating the effects of the spot-future spread for different levels of potential yield. Equal to the graph
on the left Potential yield is measured along the x-axis and the y-axis indicate the dependent variable FAi,t
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Figure 9: Effect of Prices at Different Levels of Potential Yield on
LogAFi,t
PANEL A. Margin Plots Soy
PANEL B. Margin Plots Maize
Notes: Panel A shows margin plots for soy. The graph on the left is indicating the effects of the spot pirce depending on the level of potential
yield. Potential yield is measured along the x-axis and the y-axis indicate the dependent variable FAi,t. The graph on the right is indicating the
effects of the spot-future spread for different levels of potential yield. Equal to the graph on the left Potential yield is measured along the x-axis
and the y-axis indicate the dependent variable FAi,t. Panel B shows margin plots for maize. The graph on the left is indicating the effects of the
spot price depending on the level of potential yield. Potential yield is measured along the x-axis and the y-axis indicate the dependent variable
FAi,t. The graph on the right is indicating the effects of the spot-future spread for different levels of potential yield. Equal to the graph on the
left Potential yield is measured along the x-axis and the y-axis indicate the dependent variable FAi,t
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The estimation strategy yields a positive coefficient for the potential value for soy in
column 1 and 2, which is in line with our hypothesis that an increase in price leads to an
increase in deforestation. Estimates from column 1 indicate that an increase in the change
of potential value is associated with an increase in transition from forest to agriculture,
and this coefficient is significant at the 1% level. More specifically, it indicates that a
10 dollar increase in the change of potential value is associated with a 0,45% increase in
deforestation, which is equivalent to roughly 13,5 soccer fields5, when using the average
transition across all years and all AMC’s. The variable of spread between spot and
future price of soy indicates that an increase of 10 dollars in the change of the spread
is correlated with a decrease of 0,78% in transition from forest to agriculture, which is
equal to about 23,5 soccer fields6. As the farmers see that the future price is lower relative
to the current price, they might expect lower income in the future, potentially leading
to decisions that might decrease deforestation as the future incomes are predicted to be
lower. What is more, it seems like the magnitude of the spread variable is higher than for
the potential value. This is an interesting finding potentially indicating that the variable
including future price has a bigger impact on transition of land from forests to agriculture.
When looking at maize, estimates indicate that a 10 dollar increase in the change of
potential value for maize can be associated with a 0,13% increase in transition from forest
to agriculture. Even though this is statistically significant at the 5% level, the economic
significance can be questioned in this model, due to the low coefficient value. Using the
same comparison of soccer fields as above, this result is associated with approximately 4
soccer fields increase in deforestation, which substantially lower than for soy. Results from
the spot-future spread of maize variable also exhibit lower magnitudes than for soy, but
it is also substantially higher than the magnitude of potential value variable for maize.
There are consistently higher magnitudes of the spread variables, which is an interesting
finding.
5(2150 hectares·0, 0045) = 9, 7hectars.1hectareisequaltoabout1, 4soccerfields.Sowetake9, 7ha ·
1, 4, whichisequalto13, 58.
6Here we use the same calculation strategy as above, (2150·0, 0078) · 1, 4 =
23, 5, usingthesamemeanoftransitionoflandfromforesttoagricultureacrossallyearandAMC ′s)
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We also want to estimate the effects our independent variables on transition from agriculture
to forest land, in order to determine whether our model shows consistent effects of
deforestation or not. In model 3 the potential value of soy is negative as expected, but
statistically insignificant. The coefficient also has a rather small magnitude, and should
be interpreted with vigilance. The spot-future spread of soy is is very significant and
a 10 dollar increase in the change of this spread is associated with a 0,71% increase
in transition from agriculture to forest, which can be interpreted as a slowing down
of the deforestation and regrowth of forest land. Expanding crop land requires a long
term perspective and is assumed expensive investment. As the future price is expected
to be lower one might assume that farmers will clear less forest as their income from
farming is predicted to decrease in the future, thus there is less incentive to spend time
and resources to expand their cropland. For maize the estimates indicate a negative
statistically significant relationship between an increase in the change of potential value
and transition from agriculture to forest. This is in line with our hypothesis that an
increase in commodity prices will be associated with an increase in deforestation, or a
decrease in the regrowth of forests. Estimating the change in the spot-future spread
in model 3 indicates that the effect of this variable is insignificant on transition from
agriculture to forest land. Model 1 and 3 indicate consistent results of the effects on
deforestation, with the exception of the spread variable for maize, which is positive in
both models and also insignificant in Model 3. In contrast to maize, the coefficients for
soy indicate that it is only the spread that is significant for soy in model 3. Moreover, the
potential value for soy has substantially lower magnitude in model 3. This result could
be indicating that the spot price of soy is less important for farmers in model 3 than
the future prices, due to the possibility that transforming land from agriculture to forest
requires more time than clearing forests for agricultural expansion. Farmers producing
soy and farmers producing maize may exhibit different behavior and decision making
strategies. We assume that soy farmers are generally more professional and large scale
producers than maize farmers. Thus, soy farmers may act differently in terms of having a
more long-term perspectives than maize farmers. Maize farmers may put more emphasis
on the current spot price, as they might have more of a short-term perspective and tend
to have more small scale production.
Even though some estimates are significant, model 3 seems to lack statistical significance
to be a good model for estimating the effects of potential value of our commodities on
transition from agriculture to forest. A possible explanation for this could be that there
are a multitude of factors affecting transition from agricultural land to forests, i.e politics
or demographics. It will require more time transforming land from agricultural land to
forest land than the other way around.
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In the following panels below Figure 8 and 9 shows margin plots displaying how the effect
of of potential value and spread is increasing or decreasing depending on the change in
potential yield. These plots are displayed for both for soy and maize and both dependent
variables.
According to the margin plot to the left in Panel A in figure 8 AMCs with a higher level of
potential yield will experience a bigger effect of a change in potential value on transition
from forest to agriculture, in contrast to AMCs with lower levels of potential yield. This
is in line with what we may expect as farmers within AMCs with high levels of potential
yield of soy are assumed to be more likely to clear forest for production when the price of
soy increases. The plot to the right in Panel A indicates that a higher level of potential
yield within an AMC, is correlated with a stronger negative effect of the coefficient for
the change in spot-future spread. More specifically this shows a similar sensitivity to the
change in prices for AMCs with high potential yield.
The margin plot to the left in Panel B in Figure 8, indicates that the effect of increased
levels of potential yield of maize, increases the effect of potential value of maize on transition
from forest to agriculture. Similar with the results from Panel A, the relationship also
indicates a higher price sensitivity for AMCs with higher potential yield. To the right
in panel B, the plot indicates that the transition from forest to agriculture in AMCs
with high potential yield are seemingly more sensitive to a change in the spread than
the spot price. Moreover, the plots in panel B show that the estimates of the spot price
and spot-future spread are more uncertain for AMC’s with higher potential yield, as the
confidence intervals increases. Compared to plots for soy, estimates for maize seems to
indicate bigger uncertainty linked to the price estimations.
We also construct the same margin plots in 9 and substitute the transition of forest to
agriculture variable with transition from agriculture to forest. Our plots shows that the
uncertainty of our estimates are quite similar for potential value of soy and maize by
looking at the 95% intervals. For the spot-future spread, on the other hand soy seems to
have less uncertainty than maize.
In model 2 and 4 we add two yearly lags on model 1 and 3 in order to estimate the
long term effects of the independent variables. The coefficient for change in potential
value of soy changes slightly in magnitude when adding lags. An increase of 10 dollars
in the change of potential value is now associated with a 0,32% increase in the yearly
transition from forest to agriculture. The estimates of the long-run propensities displayed
the bottom of the table indicate that the long term change in potential value with spot
price is also associated with an increase in transition from forest to agriculture. Moreover,
the estimates of long-run propensities of the change in potential value of soy indicate that
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long term effect of price changes have a larger effect when potential yield is high. A 10
dollar increase in the long term effect of change in potential value is associated with a
0,43% increase in transition from forest to agriculture in the AMC where potential yield
is at mean, while the AMC with potential yield at the 25th percentile is associated with a
0,28% increase, and a 0,57% increase at the 75th. The long run propensity for potential
value of spot is significant at 5% level, see A.1. When looking at the estimates of the
spot-future spread for soy, one can see the same pattern, with the exception that the
lagged variables are significant at the 1% level. According to the estimates of the long run
propensities of the spread variable for soy, a 10 dollar increase in the long term effect of
change in spread is correlated with a 0,88% decrease in transition from forest to agriculture
in the AMC with a mean level of potential yield, equivalent to approximately 26,5 soccer
fields. The AMCs with potential yield at the 25% and 75% percentile experience a weaker
and stronger negative effect, respectively. The long run propensities are only significant
at 10% level for the spot-future spread, see A.1. This indicates that a long term effect of
increase in spread will lead to a more favourable effect for forests in AMCs with lower
potential yield. This may be due to AMCs with higher levels of potential yield for soy
being more sensitive to changes in spread of soy in the long term, as being similarly
observed in the plots above. Hence, if the spread increases and price of the future is
expected to be relatively lower than now, this will have a larger economic impact for
AMCs with high potential yield in the long term.
In model 2 the coefficient for potential value of maize changes from positive to negative, and
significant at the 1% level. This is somewhat contrary to our hypothesis that an increase
in price increases the transition of land from forest to agriculture. Model 2 indicates
that an increase in the change of potential value of maize is associated with a decrease
in the transition from forest to agriculture. Even though this coefficient is statistically
significant, it is slightly hard to interpret economically. One possible explanation may be
that some farmers may choose to double crop if the spot price of maize increases, in other
words they plan a second season maize. It is also possible that soy farmers may choose to
plant an extra crop of second season maize in order to maximize the income from their
crop land (Harsheim & Nakkim, 2018). The long run effect of potential value of maize is
estimated at -0,1247% and is significant at 5% level, see A.1. The spot-future spread of
maize increases slightly in magnitude in model 2, and stays highly significant. Here an
increase in the change of this spread is associated with a 0,51% increase in deforestation
compared to 0,29% in model 1. Whether this increase in deforestation can be attributed
to expansion of maize crops is not easy to determine, but the results are in line with
our hypothesis that an increase in commodity prices increases deforestation. Similar to
the results from soy, we can see that the coefficient of the spread variable has a larger
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magnitude than the potential value variable. The long run effect of change in spot-future
spread of maize is positive and significant at 5%. It is higher for AMCs with higher levels
of potential yield, which can be explained by AMCs with higher levels of potential yield
being more adaptive to long term effects of changes in spread. For both commodities,
AMCs with high levels of potential yield experience a higher magnitude of the long term
effect of spread than AMCs with lower potential yield.
In model 4 estimates show that the coefficient for change in potential value of soy changes
from insignificant in model 3 to positive and significant at the 5% level. This now indicated
that a 10 dollar increase in the spot price is associated with a 0,20% increase in transition
from agriculture to forest, in other words an increase in the potential value of soy is
correlated with a favorable effect for forests. On the other hand, the one year lagged
variable is correlated with an unfavorable effect for forests, before the two year lag indicates
the same effect as today’s potential value of soy. It is quite strange that a 10 dollar
increase in the potential value of soy can be associated with an increase in yearly regrowth
equivalent to roughly 5 soccer fields7. The long run propensity for potential value of soy
is not significant. Estimates for the spot-future spread for soy show a slight increase
in magnitude when we add two yearly lags. The coefficient is consistent with model 3,
as opposed to the coefficient for potential value of soy. In other words, these estimates
indicates a slowing down of the deforestation, and potentially regrowth of forest land,
similar to model 3. The long run propensity of spot-future spread is significant at 1% level,
and shows increasingly higher long term effect on transition from agriculture to forest for
AMCs with higher potential yield. This is in line with what we expect. When looking at
the estimates for maize, it is clear that the coefficients do not change much in model 4
from model 3. The potential value of maize is still indicating a significant negative effect
on transition from agriculture to forest, and he long term effect for is significant at 5%
level. This long term effect shows a stronger negative magnitude for AMCs with higher
levels of potential yield, which is also as expected. The spot-future spread of today is still
insignificant, and the long run propensity is far from significant.
7This is calculated by taking the average transition for all AMC’s across all years, and calculating
percentage change to soccer fields: (1723·0, 0020) · 1, 4 = 4, 82
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6.2 Summary of the Results
Mostly, our analysis is showing us that our hypothesis is right; increase of potential value
is speeding up the deforestation, and expected fall in future price relatively to the spot
price, is slowing down this process. Exceptions are the positive coefficient of spot-future
spread in maize, which indicates that lower future price relatively to the spot price, is
speeding up deforestation.
In general our results indicate that the spot-future spread for both our commodities exhibit
a stronger effect on land transition, both in terms of transition from forest to agriculture
and from agriculture to forest. In other words that the expected price development of
the future affects land transition more than the market price of today, showing a larger
magnitude in our models. In appendix A.6 we find indications of the same pattern.
We investigate the robustness of our analysis of the effect of commodity prices on land
transition from forest to agriculture by including estimates of the same commodity prices
on land transition from agriculture to forest. Results of the effect on agriculture to
forest transition are interpreted as the effect on regrowth of forests. The models using
LogAFi,t as dependent variable seems to lack some statistical significance in comparison
to models using LogFAi,t. Furthermore, we conducted a fixed effects analysis in A.6 to
further check the robustness of our results. Even though the fixed effects model show
the same pattern of future prices having a larger magnitude than spot prices, this fixed
effects model show some rather surprising results. Especially since the estimations in
the fixed effects model indicate that an increase in the potential value of soy generally
can be associated with a decrease in transition from forest to agriculture. This result is
counter intuitive and contradicts established research, thus we do not find the estimates
trustworthy. Furthermore, our results for maize are somewhat more ambiguous than our
results for soy, especially in model 3 and 4. From these two checks for robustness we are
not able to be confident in the robustness of our main results.
Our analysis also show that increased potential yield do affect land transition. Our margin
plots in figure 8 and 9 illustrate this, with the effect of our commodity price variables
on land transition8 being more profound for AMC’s with high potential yield. From the
maps in 4.2.1 is is clear that some areas in Brazil are much better suited for cultivation
of soy, and some for maize, so in order to get better estimates of the effects of spot and
future prices on municipal deforestation, it may be better to examine these areas more in
detail. Alternatively expand on the number of commodities to examine, i.e other crops,
minerals or livestock. Still, we have found results indicating that there is an interesting
relationship between the spot-future spread and deforestation in Brazilian municipalities.
8For both LogFAi,t and LogAFi,t
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Especially the indications that an expected lower commodity price in the future is slowing
down deforestation in Brazil.
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7 Discussion
In the following section, we discuss possible shortcomings of the dataset and the limitations
imposed on our study as a result of our chosen estimation strategy. Finally, we conduct a
short discussion on the external validity of our results.
7.1 Limitations to the Dataset
One potential limitation in our data is that we have chosen to only exploit the potential
yield using high technology input as mentioned in section 4.2.1. As we cannot be absolutely
certain that all AMCs in Brazil exploit high technology inputs this could potentially
alter the actual effects of prices on municipal deforestation. Furthermore, there might
be a chance that one of the crops, either maize or soy, mainly exploit high technology
inputs while the other crops depends more on low technology inputs, which could also
affect the actual price effects. In our analysis it is then assumed that AMCs with high
technology inputs for soy also have high technology inputs for maize. Furthermore, figure
6 and 7 indicate that Brazil is relatively better suited for soy production than maize
production.
In addition, our choice of average global prices is a simplified approach. Brazil is a large
exporter of soy, and it is likely that Brazil may have market power especially in the soy
market, which might violate our assumption of exogenous prices. It is also a simplification
in terms of the prices the Brazilian farmers relate to. We do not differentiate between
farmers, only between crops, and we do not know whether farmers are taking spot prices,
or future prices or both prices into account. Additionally, we can not be sure whether all
farmers of our two commodities take the average global prices into account, as opposed
to their own reference prices. These reference prices may be more important to local
small scale farmers. As we try to estimate the effect of commodity prices on municipality
level, it could be argued that reference prices could be a better to estimate the effect of
commodity prices on municipal deforestation. In the future it could interesting to conduct
a qualitative study of how farmers in different Brazilian municipalities relate to spot and
future prices. Furthermore, we only include one-year futures contracts in our future price
data, and futures contracts for commodities are traded on more long term contracts than
just one year. Adding different contract lengths could possibly further exploited the fact
that our time period is substantially longer than other similar research papers. The choice
of global average prices also gave us a challenge in our panel data estimations, due to
the fact that the price only varies over time, but is fixed for all AMCs. Thus we had to
complicate our price variables somewhat by generating a measure of potential value by
multiplying our different price variables with the potential yield in our different AMCs.
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This complicates our analysis.
Also, using transition from agriculture to forest, in other words regrowth may not be
the best data to use in order to check for robustness of our analysis. The models
investigating the effect of the independent variables on transition from agriculture to
forest, generally lacks the same statistical significance as our models using transition from
forest to agriculture as dependent variable. Prices may not be the best at determining
regrowth of forests or a slowing down of agricultural expansion, such a transition could
also be affected by politics, demographics or potentially the changing climate.
7.2 Limitations to the Estimation Strategy
One of the main limitations of our estimation strategy, is that we likely have an omitted
variable bias. We cannot be sure that the expected value of the error term in our analysis
is equal to zero given any value of the independent variables. Hence, there might be
factors in the error term correlated with both our independent and dependent variable and
generate bias in our coefficients. It is likely that there are other commodity prices affecting
both soy and maize prices as well as land transition in Brazil. Such as beef, sugar, coffee,
or other commodity prices. As mentioned in 3.3 Brazil is the world’s largest exporter of
beef in 2018, providing almost 20% of total global beef exports according to the USDA
(2018). Research from Barona et al. (2010) show that there is a correlation between cattle
price and deforestation, basing the research on the legal Amazon. Additionally Nepstad et
al. (2006) suggest that the growth of the Brazilian soy industry may have indirectly led
to the expansion of the cattle herd. According to Nepstad et al. (2006), soy has driven
up land prices in the Amazon, allowing many cattle ranchers to sell valuable holdings
at enormous capital gains and purchase new land further north and expand their herd
further. As mentioned above, our data from section 4.2.1 illustrates that soy has a larger
potential yield than maize, indicating that soy would naturally be more preferred than
maize cultivation. It could be argued that also other commodities may be more relevant
for deforestation than maize. Consequently, including only soy and maize in our model
is likely create biased estimates and we are not able to causally infer the effect of spot
prices and future prices on municipal deforestation in the whole of Brazil.
This limitation would also apply to our fixed effects estimation in appendix A.6, as it is
likely this estimation also suffers from omitted variable bias. This is especially clear when
looking at the counterintuitive results obtained for the potential value of maize using spot
prices.
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7.3 External Validity
Essential to any study is the extent that the results can be generalized, more precisely
external validity. As mentioned in Subsection 3.4, Brazil sustains 40% of the world’s
remaining tropical forest. Hence, it is possible that the estimated effects from Brazil
are not directly transferable to other countries. A country with significantly less forest
and/or agricultural sector will naturally not be as exposed to deforestation resulting from
commodity prices. Consequently, it is possible that the estimated effects found in our
analysis are not directly transferable to other countries, sustaining less, or other types, of
forests. Still, countries with large forest areas could potentially experience similar effects
of increased spot and future prices. Even though our results cannot infer an actual causal
relationship between deforestation and our price variables, it is still interesting that the
results point in the direction of expected future prices potentially having a significant
impact on deforestation.
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8 Concluding Remarks
This thesis aims to provide empirical evidence of the effect of spot and future prices on
municipal transition of land from forest to agriculture, more specifically deforestation, in
Brazil. We exploit price data from two different commodities, namely soy and maize as
these are some of the most well known crops in Brazil. In order to find evidence in favour
of, or against, the predicted effects, we have used two different estimation strategies, with
a First Difference strategy as our first and main strategy inspired by Hilde C. Bjørnland
(2019). We use the potential value of each commodity and spot-future spread of each
commodity as our independent variables, and Transition of land from forest to agriculture
as our main dependent variable. We also estimate the effects of our independent variables
on Transition of land from agriculture to forest in order to check for robustness of our
results. Additionally, we use a Fixed Effects strategy as an extra analysis in appendix
A.6 to further check the robustness of our analysis. We exploit newly digitized data on
land transition from MapBiomas for the whole of Brazil, in an effort to estimate changes
in land transition from forest to agriculture and from agriculture to forest. Both types
of land transition are included as we try to estimate as much of a holistic effect of spot
and futures as possible. We combine this data with an exogenous measure of potential
yield for each commodity from the FAO-GAEZ database, in order to get variation across
units.
Our main finding is that the spot-future spread has a seemingly larger effect on deforestation
than the spot price alone for soy. We illustrate this in the terms of soccer fields, as this
is a widely used measure when addressing deforestation. This is contributing to the
extensive research on deforestation in Brazil by suggesting that the price expectations for
the future should be included in further research on Brazilian deforestation. Maize show
more ambiguous effects.
Due to the long time span of our data and the possible long term effect of prices, we
added two year lagged values of our all independent variables. We found that the long
run propensities are statistically significant in our models with transition from forest to
agriculture as dependent variable, and have the same signs as the associated non-lagged
variables. This correlation shows less significance in the estimation with transition form
agriculture to forest as dependent variable. From this we can imply that long term price
changes are more important of removal of forest, than transforming agricultural land.
This is rather intuitive as transforming agriculture to forest land requires more time and
resources than clearing forests. Incentives for removing or relocating agricultural activities
would likely be more affected by politics or environmental changes.
From our analysis we find that AMCs with higher potential yield for our crops will
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experience a bigger effect of a change in the price variables on land transition. This is
likely due to the fact that cultivation of soy and maize is larger in areas with a high
potential yield. Thus a change in the commodity price will have a large effect on these
AMCs. Especially since many of these AMCs are located outside the legal Amazon. From
figure 6 it is clear that there are regions south of the legal Amazon that are even better
suited to grow soy than in much of the Amazon. For maize we can see some of the same
indications from figure 7. Regions to the south of the legal amazon and regions in the
north east display better conditions for maize cultivation. Thus, one of the strengths of
our analysis is that we look at AMCs for the whole of Brazil and not just in the Amazon
region. Furthermore, these maps indicate that Brazil is relatively better suited for soy
production than maize production. For further research it could be interesting to examine
AMCs with higher potential yield more closely. Moreover, in our analysis we briefly discuss
that farmers of soy and maize may have different decision strategies. Thus, in section 7.1
we discuss that it could be argued that reference prices could be a better to estimate the
effect of commodity prices on municipal deforestation. In the future it could interesting
to conduct a qualitative study of how farmers in different Brazilian municipalities relate
to spot and future prices.
Reflecting on our results and how complex the challenge of deforestation is, we believe our
simplified models lack the power to infer any causal relationships. There are a multitude
of factors affecting deforestation in Brazil, and prices are just one of these factors. As
mentioned in section 3.3 nearly 80% of the deforestation in the Amazon can be attributed
to illegal logging, implying that Brazil is suffering from the tragedy of the commons. Even
with some established land rights, these rights are clearly not respected. Thus cooperation
between farmers, society and the government is crucial in order to fight deforestation.
Prices alone, cannot explain the complex issue of deforestation. Even though we cannot
provide causal inference of our estimates due to biased estimates9, we hope this thesis
may trigger interest in further research into the extent that both spot and futures affect
municipal deforestation in Brazil or other countries experiencing significant deforestation,
and especially focus on the the effects of futures.
9As discussed in section 7.2
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A Appendix
A.1 Long-Run Propensity Estimations with Corresponding Sig-
nificance Levels
TABLE A. Long Run Propensity
Figure 10: Forest to Agriculture - Potential Value
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TABLE B. Long Run Propensity
Figure 11: Forest to Agriculture - Spot-Future Spread
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TABLE C. Long Run Propensity
Figure 12: Agriculture to Forest - Potential Value
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TABLE D. Long Run Propensity
Figure 13: Agriculture to Forest - Spot-Future Spread
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A.2 Hausman-test
We conduct a Hausman-test in order to be certain Fixed Effects is the right strategy
as compared to Random Effects. The results indicate that the null-hypothesis can be
rejected, as there are no difference between the random effects estimator and the fixed
effects estimator. In line with (Sandvik, 2018) this indicates that the individual-fixed
effects, not controlled for fully in the random-effects estimation, affect the system and
lead to inconsistent estimators.
Hausman test
Figure 14: Figure
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A.3 Granger Causality test
Granger Causality Test
Figure 15: Results of Granger Causality Test for Soy
Notes: These results are based purely on soy prices. The results includes two equations, the first investigating whether
spot prices lead futures, and the second investigating whether futures lead spot prices.
Granger Causality Test
Figure 16: Results of Granger Causality Test for Maize
Notes: these results are based purely on maize prices. The results includes two equations, the first investigating whether
spot prices lead futures, and the second investigating whether futures lead spot prices.
The model used includes past values of “other series to the serie’s own history”(Sajwan
& Chetty, 2018). Granger causality implies a correlation between current values of one
variable and the past values of other variables (Sajwan & Chetty, 2018). In other words,
we set up a model to test whether current values or spot is correlated with past values of
futures, or current values of futures is correlated with past values of spot. In our case we
test for both possible directional relationships, thus we have two null-hypothesis for soy
and two for maize. Our first null-hypothesis is that lagged values of spot price of soy do
not cause future price of soy. Second null-hypothesis is that lagged values of future price
of soy do not cause spot price of soy.
Next we have the equivalent for maize, and the third null-hypothesis is that lagged
values of spot price for maize do not cause future price of maize. Finally, we have the
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null-hypothesis that lagged values of future price for maize do not cause spot price for
maize. We cannot reject the first and third 0-hypothesis as the p-value is greater than
0,05. On the other hand we can reject the second and fourth null-hypothesis, as these
both have p-value less than 0,05, respectively 0,000 in both figure 15 and 16.
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A.4 Scatter Plots
This is the results of our linearity test, clearly showing that a log-level model is in favour
of a level-level model as the residuals become more normally distributed and random after
the log-transformation of the dependent variable.
PANEL A. Level-level test
Figure 17: Level-level scatter plots
PANEL B. Log-level test
Figure 18: Log-level scatter plots
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PANEL A. Level-level test
Figure 19: Level-level scatter plots
PANEL B. Log-level test
Figure 20: Log-level scatter plots
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A.5 Data
This part of the appendix contains a detailed description of the main variables used in
the empirical analysis.
Transition of Land From Forest to Agricultural Land: The variable is defined as the
amount of area, measured in square kilometres, covered with forest in 1995, which were
transformed to areas covered with agriculture land by 2005. To calculate total transition
between sub-classes of Natural forest and Agriculture, we use the same approach as
described for Agricultural Land Cover and Forest Cover. All variables come at the
municipality level and have been aggregated at the at the level of AMC using the
correspondence used by Bustos et al. (2016), proposed by IPEA and IBGE.
Log Transition of Land From Forest to Agriculture: The variable is defined as the
logarithm of the variable Transition of Land From Forest to Agriculture.
Transition of Land From Agriculture to Forest: The variable is defined as the amount
of area, measured in square kilometres, covered with agricultural land in 1995, which were
transformed to areas covered with forest by 2005. To calculate total transition between
sub-classes of Natural forest and Agriculture, we use the same approach as described for
Agricultural Land Cover and Forest Cover. All variables come at the municipality level
and have been aggregated at the at the level of AMC using the correspondence used by
Bustos et al. (2016), proposed by IPEA and IBGE.
Log Transition of Land From Forest to Agriculture: The variable is defined as the
logarithm of the variable Transition of Land From Agriculture to Forest.
Potential Value of Soy using spot prices The Potential Value of Soy using spot prices
is one of the main interaction variables in our models. It is constructed by multiplying
Potential Yield using high technology inputs for soy with the spot price of soy.
Potential Value of Maize using spot prices The Potential Value of Maize using spot
prices is one of the main interaction variables in our models. It is constructed by multiplying
Potential Yield using high technology inputs for maize with the spot price of maize.
Potential Value of Soy using futures The Potential Value of Soy using spot prices is used
as an interaction variables in our Fixed Effects models. It is constructed by multiplying
Potential Yield using high technology inputs for soy with the futures price of soy.
Potential Value of Maize using futures The Potential Value of Maize using spot prices
is used as an interaction variables in our Fixed Effects models. It is constructed by
multiplying Potential Yield using high technology inputs for maize with the futures price
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of maize.
Lagged Value of Log Transition of Land from Forest to Agriculture This variable
represents last year’s logged transition of land from forest to agriculture. We use this
variable to investigate to what extent last year’s land transition affects current land
transition from forest to agriculture. In other words, how previous deforestation affects
deforestation today.
Lagged Value of Log Transition of Land from Agriculture to Forest This variable
represents last year’s logged transition of land from agriculture to forest. We use this
variable to investigate to what extent last year’s land transition affects current land
transition from agriculture to forest. In other words, how previous regrowth affects
regrowth today.
Potential Value of Soy using spot future spread The Potential Value of Soy using spot
prices is used as an interaction variables in our Fixed Effects models. It is constructed by
multiplying Potential Yield using high technology inputs for soy with the spread between
spot and future prices for soy.
Potential Value of Maize using spot future spread The Potential Value of Maize using
spot prices is used as an interaction variables in our Fixed Effects models. It is constructed
by multiplying Potential Yield using high technology inputs for maize with the spread
between spot and future prices for maize.
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A.6 Fixed Effects Estimations
A.6.1 Main econometric models for Fixed Effects Strategy
The main econometric models for our fixed effects strategy is:
LogFAi,t = αi + βPV soy
spot
i,t + βPV soy
futures
i,t + βPV maize
spot
i,t + βPV maize
futures
i,t + ujt
(5)
In order to investigate whether our results from the First Differences approach are robust,
we have conducted an extra analysis using Fixed Effects to investigate the effects of our
independent variables on deforestation and regrowth of forest. One change from our Fixed
Effects strategy is that we substitube the spot-future spread variables with a potential
value varible using future prices.
This model is also a log-level model trying to estimate the percentage effect the coefficients
of the independent variables have on LogFAi,t. More specifically this change is represented
by the β-coefficient, which represents the percentage effect of potential value of each
commodity10, dependent on whether it is constructed with spot prices or future prices.
We assume that the only thing affecting change in potential value is the commodity price.
If the β-coefficient is statistically significant, the null hypothesis is that there is no link
between the different commodity prices and the transition of land from forest to agriculture
can be rejected. The dependent variable is the Log Transition of land from Forest to
Agriculture for AMC i at time t, written as FAi,t. Transition from forest to agriculture is
measured yearly in hectares for all AMCs, and captures to amount of forest that have
been transformed into agricultural land. Important to know that in this paper, the
definition of forest and agriculture hinges on the definitions made by MapBiomas (2019).
The αi is the unobserved time-invariant individual effect and captures any unobserved
time-invariant variables on the AMC level. The last term, ui,t, contains both fixed errors
caused by unobserved time-invariant variables and a random error component (Wooldridge,
2016).
Next we estimate same equation as equation 5 just with added lags on the variables.
In order to be able to estimate the long-term effects of the independent variables, we
incorporate two yearly lagged values of each independent variable constructed with the
spot price. In addition, we add the one year lagged dependent variable to estimate how
big of an effect last years land transition have on this years transition.
In equation 6 the dependent variable FAi,t is substituted with AFi,t, more specifically
10Potential value is abbriviated to PV
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Transition of land from agriculture to forest.
LogAFi,t = αi + βPV soy
spot
i,t + βPV soy
futures
i,t + βPV maize
spot
i,t + βPV maize
futures
i,t + ujt
(6)
Additionally we want to run the same regression to estimate the effects on our second
dependent variable, LogTransitionoflandfromAgriculturetoForest. We do this in order
to investigate whether our results are consistent. Similar to the first dependent variable,
this one measures yearly land transition, except now we investigate the transition from
agriculture to forest. Such transition may be interpreted as a slowing down of deforestation,
or to some extent regrowth of forest land. The same conditions for the definition applies
to this dependent variable, the definition of agricultural land and forest hinges on the
definitions made by the MapBiomas project.
Similar to equation 5, we estimate the long-term effect for equation 6. We incorporate
two yearly lagged values of each independent variable constructed with the spot price
in order to be able to estimate the long-term effects of the independent variables. We
also add one year lagged dependent variable to estimate the effect of last year’s transition
from agriculture to forest affects this years transition.
A.7 Fixed Effects Estimation and Clustered Standard Error
In this paper, we utilize fixed effects estimation to control for systematic and time-
invariant differences between AMC’s.The fixed-effects model controls for all time-invariant
differences between individuals, so the estimated coefficients of the fixed-effects models
cannot be biased because of omitted time-invariant characteristics, such as culture, religion,
gender, race, etc (Kohler, Ulrich, Frauke Kreuter, Data Analysis Using Stata, 2nd ed.,
p.245). In order to see what this method involves, one can start with a general unit-effects
model, such as in the equation below.
yit = (
∑
j
(β1xit)) + αi + uit (7)
According to Wooldridge 2016, the fixed-effects model is attained by time-demeaning the
unobserved effects mode
y¨it = (yit − y¯it) = (αi − αi + (
∑
j
βj · (xit − x¯it)) + (uit − x¯it) = (
∑
j
βj · x¨it) + u¨it (8)
When time-demeaning the variables, one will eliminate all individual unobserved time-
invariant effects i and any fixed components present in the error term. Wooldridge
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(2016) explains that the estimates from the fixed effects method will be the same as
if one introduced dummies for every individual unit, which in this paper would be
municipalities. The main argument for why a fixed effects model is a suitable tool to use
in this paper, is that the groups of units in this paper, namely the AMC’s, face different
and non-random treatments and time-invariant factors that affect the soy and/or maize
production. By using a fixed effects model one can control for or time-demean away all
fixed differences between municipalities and more directly be able to pinpoint the effect of
our explanatory variables over time, as AMC’s are systematically different. Consequently
we focus exclusively on the variance within AMC’s as compared to the variance between
them (Wooldridge, 2016).
In order to formally test whether using a fixed effects strategy is correct we perform a
Hausman test. This test originates from an acclaimed article on the Specification Tests in
Econometrics from 1978 (Hausman, 1978) and tests whether a random effects estimator is
inconsistent and a fixed effects estimator is preferred. According to Wooldridge (2016) the
fixed effects model allows capricious correlation to happen between i and xitj while that is
not the case for random effects. Hence, “fixed effects is generally thought to be a more
convincing tool for estimating ceteris paribus effects” (Wooldridge, 2010. Wooldridge
(2016) demonstrate that the Hausman test is based on evaluating the difference between
the random and fixed effects estimators. If the test estimates a statistically significant
difference, it is taken as evidence that the null-hypothesis of no significant difference
between the two estimators can be rejected, and be taken to mean that key random
effects assumption is false, then fixed effects is normally used. Furthermore, Sandvik(2018)
highlights that “the fixed effects model is consistent even in the event that the Hausman
test does not reject the null hypothesis of there not being any systematic differences
between the panel data groups”. Using random effects models in that case can be argued
for by the fact that they are known to be more efficient when there are no systematic
differences between units. Meaning that fewer observations are needed for unbiased
estimation and that the random effects estimator in that sense is a stronger tool due to
less variance being differenced away (Wooldridge, 2016).
When using the Hausman test on our regression models, we find that the null-hypothesis
can be rejected. The results from the Hausman test can be found in appendix A.2. In line
with (Sandvik, 2018) this indicates that the individual-fixed effects, not controlled for fully
in the random-effects estimation, affect the system and lead to inconsistent estimators
(Wooldridge, 2016). If an estimator is inconsistent, its expected value will not converge
on the true population parameter even for large numbers of observations (Wooldridge,
2016). Since there are both empirical indications of systematic differences between AMC’s
we have chosen to use fixed effects estimation as our extra estimation strategy for this
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paper.
A.8 Fixed Effects Model Estimates
In Table 1 column 1 and 2 the dependent variable is the Transition of land from forest to
agriculture, while the dependent variable in column 3 and 4 is Transition of land from
agriculture to forest. In the regressions the independent variables are interaction variables
between potential yield and both spot and future prices for both commodities, and we
also include the relevant lagged dependent variable.
All models control for time fixed effects and AMC fixed effects. The standard errors
are clustered on AMC level for both models to get the standard errors more robust to
heteroscedasticity, and deal with serial correlation within AMCs. According to Hansen
(2007) clustering is necessary due to group-level arbitrary shocks provoking correlation
between observations within the groups for all time periods, in other words that the
observations become serially correlated. In the two first models we try to estimate the
effect the independent variables have on transition from forest to agriculture before we
run the same regressions on transition from agriculture to forest.
In column 1 the regression estimates that the interaction variable for soy using spot prices
is negative and significant at the 1% level, indicating that an increase in potential value
by 10 dollars due to an increase in spot price of soy, is associated with a decrease of 0,22%
in transition from forest to agriculture measured in hectares, a surprising result taking
previous literature into account. When looking at the interaction variable incorporating
futures instead of spot prices, estimates indicate that an increase of potential value by 10
dollars due to an increase in future price of soy, is associated with an increase of 0,25%
in transition from forest to agriculture and is significant at the 5% level. Consequently
this model suggests that for soy there may be more of a relationship between futures and
deforestation, than between spot prices and deforestation.
For maize the estimates for the interaction variable using spot prices show that an increase
of potential value by 10 dollars due to an increase in spot price of maize, is associated
with an increase of 0,2% in transition from forest to agriculture, and is significant at the
1% level. An increase of potential value by 10 dollars due to an increase in future price of
maize, is associated with a decrease of 0,04% in the dependent variable. In contrast to all
the other coefficients in column 1, this is insignificant. An interesting finding in this model
is that the estimates for soy and maize tend to be opposite of each other. Furthermore
we see that the coefficients for maize using futures are much lower than the others, in
addition to being insignificant.
In column 2 we add two yearly lagged values of the potential value spot for both com-
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Table 2: Fixed Effects - Commodity Price Effect Transition FA and Transition AF
(1) (2) (3) (4)
Log FA Log FA Log AF Log AF
b/se b/se b/se b/se
Potential Value SoySpot -0.000220∗∗∗ -0.000210∗∗∗ -0.000050 -0.000234∗∗∗
(0.000067) (0.000078) (0.000060) (0.000070)
Potential Value SoyFutures 0.000246∗∗ 0.000435∗∗∗ 0.000458∗∗∗ 0.000373∗∗∗
(0.000098) (0.000094) (0.000092) (0.000090)
Potential Value MaizeSpot 0.000216∗∗∗ 0.000328∗∗∗ 0.000135∗∗∗ 0.000217∗∗∗
(0.000047) (0.000050) (0.000044) (0.000048)
Potential Value MaizeFutures -0.000042 -0.000379∗∗∗ -0.000689∗∗∗ -0.000629∗∗∗
(0.000073) (0.000074) (0.000079) (0.000077)
Log Transition FAt−1 0.174315∗∗∗
(0.007053)
Potential Value SoySpott−1 -0.000177∗∗∗ 0.000184∗∗∗
(0.000067) (0.000065)
Potential Value SoySpott−2 0.000254∗∗∗ 0.000054
(0.000049) (0.000050)
Potential Value MaizeSpott−1 0.000048 -0.000153∗∗∗
(0.000043) (0.000045)
Potential Value MaizeSpott−2 -0.000261∗∗∗ 0.000084∗∗
(0.000035) (0.000037)
Log Transition AFt−1 0.130087∗∗∗
(0.007114)
Constant 5.106105∗∗∗ 5.175155∗∗∗ 4.883873∗∗∗ 4.840210∗∗∗
(0.031715) (0.049902) (0.031815) (0.051597)
Observations 140261 131740 140260 131738
Adjusted R2 0.116 0.109 0.092 0.055
FE YES YES YES YES
Long Run Propensity SoyMean -0.000340 0.0000109
Long Run Propensity Soy25th -0.000225 0.00000720
Long Run Propensity Soy75th -0.000458 0.0000146
Long Run Propensity MaizeMean 0.000562 0.000689
Long Run Propensity Maize25th 0.000562 0.000689
Long Run Propensity Maize75th 0.000562 0.000689
Notes: Robust standard errors reported in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Important for the long run propensities. The long run propensities are calculated for three
AMC’s with different levels of potential yield, namely the Mean, 25th, and 25th percentile.
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modities, the motivation for doing this is to be able to estimate a potential long-term
effect of both commodities on the dependent variable. When looking at the potential
value of soy using spot prices, it is clear that the coefficient barely changes when we add
the lagged values. What is interesting when studying the coefficients related to soy is
that the one year lagged value has a seemingly negative effect, while the two year lag
has a seemingly positive effect and they are both statistically significant. Calculating
the long-run propensity from the variables related to spot price of soy, yields a negative
long-run propensity. The coefficientt is implying that a 10 dollar increase in the long run
propensity is associated with a 0,34% decrease in deforestation , lending doubt to whether
it is economically significant in this model. One potential explanation of the generally
unexpected negative effect of soy spot price on transition from forest to agriculture may
have something to do with the fact that about 90% of domestic soy is used as animal
feed11, so as the spot price for soy increases, the cost of animal feed increases. This again
may lead to an increased cost and decreased production of livestock. As mentioned in
section 3.4, beef is one of the main contributors to deforestation in Brazil. For maize,
column 2 shows that when adding lagged values for the potential value of maize using spot
price, the coefficient for today increases from 0,000216 to 0,000328, and stays significant.
In other words, in this model a 10 dollar increase in the potential value of soy using
spot prices of today is associated with a 0,32% increase in the transition from forest to
agriculture. Studying the coefficients for maize, one can find the same pattern as for soy
just opposite. The one year lagged variable is positive, but insignificant for maize, while
the two year lagged variable is negative and statistically significant. When calculating the
long-run propensity for maize we get a positive long term effect, indicating that a 10 dollar
increase in the potential value of maize for spot prices is associated with a 0,6% increase
in deforestation. This seems quite odd, especially when comparing to the estimates of soy
and the technological advances in maize cultivation (Harsheim & Nakkim, 2018). Thus
it is unclear whether there is any meaningful economic significance. The coefficient for
potential value of maize using futures changes from insignificant to significant at the 1%
level when the lagged variables are added. This is an interesting finding, indicating that in
model 2 the associated effect of futures increases when the model incorporates the lagged
effects of potential value using spot. We find this result quite hard to explain. Compared
to previous research, it is surprising that these regressions indicate that soy is associated
with a negative effect on deforestation, while maize is associated with a positive effect.
This is contrary to our hypothesis that both commodities have a positive relationship on
deforestation, in other words that an increase in the price of both would be associated
with an increase in the transition from forest to agriculture. Moreover, the fact that
futures and spot are opposite of each other for both commodities is an interesting finding,
11As mentioned in 3.4
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and could potentially be due to different decision making strategies for farmers.
In model 2 we add two yearly lagged values of the potential value spot for both commodities,
the motivation for doing this is to be able to estimate a potential long-term effect of both
commodities on the dependent variable. When looking at the potential value of soy using
spot prices, it is clear that the coefficient barely changes when we add the lagged values.
What is interesting when studying the coefficients related to soy is that the one year lagged
value has a seemingly negative effect, while the two year lag has a seemingly positive effect
and they are both statistically significant. Calculating the long-run propensity from the
variables related to spot price of soy, yields a negative long-run propensity. The coefficient
is quite small, lending doubt to whether it is economically significant in this model. One
potential explanation of the generally unexpected negative effect of soy spot price on
transition from forest to agriculture may have something to do with the fact that about
90% of domestic soy is used as animal feed, as mentioned above, so as the spot price for
soy increases, the cost of animal feed increases. This again may lead to an increased cost
and decreased production of livestock. As mentioned in section, beef is one of the main
contributors to deforestation in Brazil.
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